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Abstract
Cognitive radio systems have taken a fore-running position in the wireless communication technology. With most of the communication 
taking place through multi-carrier systems, the allocation of available spectrum to various carriers is a prominent issue. Since cognitive 
systems provide an environment of dynamic spectrum allocation, it becomes necessary to perform dynamic spectrum allocation 
swiftly with due consideration of parameters, like power consumption, fair distribution and minimal error. This paper considers a 
Particle Swarm Optimization-based approach, popularly used for solving large problems involving complex solution spaces to reach 
an optimal solution within feasible time. The mentioned spectrum allocation problem has been solved using PSO with a view to 
maximize the total transfer rate of the system, within specified constraints of maximum error rate, maximum power consumption 
and minimum transfer rate per user. The results have been compared with the existing Genetic Algorithm-based approach and have 
proved to be more effective.
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1 Introduction
Wireless communication is on a rapid upward growth curve, 
attracting more and more investment. Since the number of 
users keeps on increasing, the available radio spectrum, 
being a limited resource, is under constant demand. So there 
is always a requirement of obtaining maximum utilization 
of available spectrum at any instance of time. Currently the 
spectrum is distributed as an exclusive fixed bandwidth to 
a licensed user. Hence it is utilized only when the user uti-
lizes it [1]. This becomes a cause of a non-optimal use of the 
entire spectrum available, since some users maybe experi-
encing heavy traffic while others may be using very less. 
Besides, with change in technology, the required bandwidth 
for different applications keeps on changing. So, the concept 
of dynamic spectrum allocation has come to the fore, which 
refers to changing the allotted spectrum to different users 
as per the requirement during data transmission through the 
allocated channels. In other words, spectrum allocation is 
better performed by considering it as a time-variant system. 
This dynamic spectrum allocation mechanism is popularly 
known as cognitive radio [2, 3].
Cognitive radio is a software-based radio system which 
intelligently performs tuning of transmission factors, like 
operational frequency, waveforms, etc., in a dynamic situ-
ation, by sensing and learning from the environment [4]. Its 
main job is to identify the unused portion of the spectrum 
of any primary user and take a decision on temporarily 
allocating it to other secondary users, while making sure 
that the interference caused to the primary user is avoided 
and it is re-allocated to the primary user on a priority basis 
whenever the need arises. Hence, cognitive radio performs 
spectrum sensing, allocation, resource optimization and 
mobility [5]. Fig. 1 represents these activities in the form 
of a cognitive cycle.
Spectrum sensing refers to the monitoring of the exter-
nal environment by the cognitive radio, keeping track of 
the usage behavior of different primary users and locating 
spectrum holes. Considering this information, the alloca-
tion of spectrum is done and the parameters set accord-
ingly to provide the best quality of service and minimize 
interference. The optimal resource utilization is tried to 
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be achieved by balancing between the best efficiency of 
transmission and the sharing of spectrum among different 
users. Mobility also has to be maintained, i.e. whenever 
the primary user needs its allocated spectrum, it has to be 
made available by de-allocating from any secondary user 
who might be using it, so that disruption caused to the pri-
mary user is negligible. This process should be completed 
in real-time; hence it is the task of the cognitive radio sys-
tem to continually observe the environment for the best 
possible free spectrum area [6, 7]. 
Recently, swarm-based and evolutionary techniques 
have been gaining much reputation in solving intracta-
ble problems, due to their ability to simultaneously search 
large spaces for obtaining optimal solutions, which other-
wise are infeasible to be solved by traditional algorithms. 
Their ability to heuristically solve problems in real-time 
have made the preferred choice for scientific and business 
purposes.
Genetic Algorithm (GA) is a very simple and effective 
mechanism that has been applied to solving optimization 
problems. Similarly, the initially popular swarm-based 
techniques like Artificial Bee Colony (ABC), Particle 
Swarm Optimization (PSO), etc. and the more recent ones 
like Cat Swarm Optimization (CSO), Bat Algorithm (BA), 
etc. have been employed to solve such problems [8, 9]. 
In this paper, the authors have implemented a solution 
for the spectrum allocation problem in cognitive radio 
using PSO. A proper mapping of resources to devices 
has been obtained keeping certain constraints in consid-
eration. The performance is compared with the existing 
GA-based approach and found to give more optimal solu-
tions in lesser number of iterations.
2 Literature survey
Proper and optimal allocation of spectrum has been a 
trending area of research in recent times. A lot of work 
has been to done to find ways to allocate spectrum in a 
quick as well as efficient manner. Evolutionary algorithms 
have also been employed to serve this purpose. This sec-
tion reviews the different mechanisms and approaches that 
have been adopted till date in this field. 
ArunKumar and Reshma [4] have implemented a solu-
tion to spectrum allocation using Markov model, Banker’s 
deadlock avoidance algorithm in combination with the 
graph coloring problem. This method has ensured fairly 
distributed spectrum allocation quickly and efficiently.
Koroupi et al. [8] have approached the problem using 
the ACO technique. This method has worked well for 
dynamic networks, providing a fast and low-cost solution. 
The method has proved to be superior to the PSO approach 
as proposed in [9], but takes a slightly higher running time.
Zhao et al. [9] have designed spectrum allocation algo-
rithms for cognitive radio using GA, Quantum GA and 
PSO. They have considered interference parameters 
applied on channel availabilities. These methods have dis-
played better performance than general graph coloring 
algorithms.
Liu et al. [10] developed the Maximal Independent 
Set algorithm to address this problem. This mechanism 
ensured a fair distribution of resources while requiring 
very less overhead on the network.
Pradhan [11] has applied GA, PSO and ABC in dif-
ferent modes of operation for allocating spectrum in a 
time-varying environment. Spectral interference is taken 
into consideration. The author finds better performance of 
ABC over PSO and GA.
Wang et al. [12] have developed a heuristic cost and 
connection based algorithm which performed spectrum 
allocation considering power control. The algorithm 
was found to show better performance than the exist-
ing Maximal Independent Set algorithm, both in terms 
of Quality of Services as well as the number of Satisfied 
Users, even on bad networks.
Liu et al. [13] proposed a technique using simulated 
annealing approach to determine the optimal spectrum 
assignment. This technique aims to optimize the cumula-
tive utility under constraints of capacity, rate requirement 
and interference for various traffic classes. It performs 
better than the previous greedy migration method.
Ni et al. [14] used game theory for efficient and flexible 
spectrum assignment in cognitive radio networks. They 
have classified allocation problems into co-operative and 
non-cooperative models. Then they have identified the 
suitability of the various game theory models to the dif-
ferent kinds of spectrum allocation problems. This work 
Fig. 1 The cognitive cycle
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serves as a guideline for selecting the best game theory 
model depending upon the problem in hand.
Hou et al. [15] have put forward a spectrum allocation 
method based on an improved GA. It aims to maximize 
the transfer rate of a system, under the constraints of error 
rate, power consumption and a fairness of spectrum dis-
tribution. It provides quite a noticeable improvement over 
the simple GA method. 
Tang and Xin [16] have applied co-evolution cha-
otic PSO to maximize energy efficiency, under the con-
straints of interference power and total transmit power. 
Anandakumar and Umamaheswari [17] have performed 
efficient social cognitive handover using socially intelli-
gent secondary users and integration of primary and sec-
ondary holes, by applying a SpecPSO technique.
Xu et al. [18] have targeted to maximize the average 
weighted sum rate of throughput, within the constraints 
of total power and probabilistic interference. They have 
applied a hybrid PSO (SVM+PSO) for effective optimiza-
tion. In another work, Xu et al. [19] have minimized total 
power consumption for uplink resource allocation based 
on chance constrained programming, with the help of a 
hybrid QPSO (QPSO+RBFN) technique.
Based on the conclusions obtained in the existing litera-
ture, the authors have found that swarm-based algorithms 
are being extensively applied on optimization problems, 
and since optimal spectrum allocation is a major require-
ment in cognitive radio networks, swarm-based tech-
niques are attractive enough to be applied to solve this 
problem. The authors’ approach is described in the follow-
ing sections.
3 Problem description
The spectrum allocation part of cognitive radio is basi-
cally about determining the best way in which alterna-
tive resources can efficiently and non-dominantly use the 
available regions of the entire spectrum on-demand, while 
making sure that the primary user can use its own spec-
trum without any intervention due to this sharing process. 
A fair distribution is also desirable in such a scenario. This 
problem has been re-casted to a NP-hard problem and suit-
able approaches have been designed to solve it, like game 
theory, graph coloring, etc. [8].
Cognitive radio networks consist of densely distributed 
base stations, multiple users and sensor nodes. A variety 
of factors affect the allocation of spectrum among sec-
ondary nodes, including bit error rate, available free car-
riers, transmission power, user needs, etc. In this paper, 
the authors consider the constraints of maximum bit error 
rate, maximum total power usage and minimum individ-
ual user transfer rate. The reason behind taking these con-
straints is because it ensures energy efficient mechanism 
with minimal error, along with a fair distribution of neces-
sary spectrum among all users [11, 20, 21]. 
Thus, the aim of this paper is to find a best allocation 
of the available subcarriers to the different users. For 
any allocation, the transmission power of each subcar-
rier is calculated. Also, Multiple Quadrature Amplitude 
Modulation (MQAM) is used; hence the MQAM order is 
determined for the allocation. The total transfer rate of the 
system is therefore calculated. So the best allocation is the 
one for which the total transfer of the system has the max-
imum value. Besides, the above-mentioned constraints are 
needed to be taken into account while determining the 
allocation.
Consider a specific allocation represented as
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Here, B represents the subcarrier bandwidth. The sys-
tem has P users and Q subcarriers. Upq is the utilization of 
spectrum and Mpq is the QAM modulation order, TPpq is 
the transmission power, for the pth user and qth subcarrier.
Therefore, the aim of this work is
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Here, TRminis the minimum transfer rate for any user 
in Kbits/s, Emax is the maximum permissible bit error rate, 
and TPmax is the maximum total power usage of the sys-
tem. E is the average bit error rate over the system, and 
TTP is the total transmission power of the system.
26|Mishra et al.Period. Polytech. Elec. Eng. Comp. Sci., 63(1), pp. 23–29, 2019
E avg E p q M
E
M
pq pq
pq
pq
= ( ) ∀ ≠
=





 −
; , ,
log lo
  such that 0
4
1
1
2 g
* log *
*
.
2
23
1M
erfc
M TP
M Qpq
pq pq
pq







 −( )








 
      (5)
Here, erfc is the complementary error function.
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Equation (4) represents the fitness function for the tech-
nique described further in this paper.
4 Proposed technique
4.1 Particle Swarm Optimization
Particle Swarm Optimization (PSO) is a swarm-based 
technique focused on solving optimization problems. It 
was designed by Kennedy and Eberhart in 1995 [22]. It is 
based on swarm intelligence and draws on the behavior of 
birds, who habitually scatter to different locations when 
they start searching for food. Depending on their current 
location, they try to trace food sources. Birds closer to the 
source can detect the source and communicate this infor-
mation to other birds so that they can move nearer to the 
source. Hence, after a number of such movements the birds 
will congregate to the food source. The cooperation among 
the birds is essential for finding the solution [23, 24].
The PSO method emulates this behavior of birds in a 
computing environment to seek optimal solutions over 
large spaces. It uses a population of particles, represent-
ing birds, which start at random positions and find their 
closeness to the solution by evaluating a well-defined fit-
ness function. Each particle finds its local best position, 
and the global best position among all particles is deter-
mined. Based on these values, the velocities of the birds 
are decided, and the new positions are obtained using 
these velocities. The involvement of local best and global 
best positions ensures the coordination and exchange of 
information among particles and also makes sure that 
the particles are directed closer to the solution with each 
step. The particles eventually converge to the solution 
by repeating these steps till certain stopping criteria are 
reached [25, 26].
The following is a general algorithm of PSO.
1 Initialize the population with random positions 
and velocities
2 Assess fitness for all particles
3 Find personal best (pbest) for individual particles 
and global best (gbest) for all particles
4 While stopping criteria is not reached
5 Compute velocity for particles using Eq. (7)
6 Renew positions of particles using Eq. (8)
7 Assess fitness for all particles
8 If fitness value for a particle is superior to its pbest
9 Replace pbest with current fitness
10 End if
11 Find gbest among all particles
12 End while
Here, the position and velocity of the particles is deter-
mined as follows. 
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In these equations, Vi
old  is the velocity of ith particle in 
the previous generation, �Vi
new  is the velocity of ith particle 
in the current generation, � �Pi
old
 is the position of i
th particle 
in the previous generation, �Pi
new  is the position of ith parti-
cle in the current generation, a1 and a2 are accelerating fac-
tors of local and global information respectively, r1 and r2 
are random values between 0 and 1, w is the inertia weight.
4.2 PSO for spectrum allocation
In this paper, the authors propose an algorithm that uses 
PSO to address the spectrum allocation problem in cog-
nitive radios as described in the Mathematical Model for 
spectrum allocation section. In the proposed mechanism, 
a population of particles is taken. Each particle represents 
a specific allocation of users to carriers as shown by the 
matrix X. The fitness of each particle is found out using 
Eq. (4). After finding pbest and gbest for each particle, the 
new velocities are calculated and the positions updated. 
This process is repeated till the best allocation is found, 
i.e. the allocation which gives the maximum total transfer 
rate, under the specified constraints of bit error rate, indi-
vidual transfer rate and total power usage. 
The flowchart in Fig. 2 represents the steps of the pro-
posed technique.
5 Implementation
5.1 Experimental setup
The proposed method has been executed using MATLAB 
on a laptop having Intel i5 core processor and a 4 GB 
RAM. For PSO technique, the population size is taken as 
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50 and the number of iterations is varied from 0 to 200 in 
steps of 20. The number of users is assumed to be 50 and 
the available carriers is taken as 2000. The bandwidth B 
is set as 30 KHz. The QAM modulation order Mpq ϵ {0, 
16, 32, 64, 128, 256}, that depends on not used, 16QAM, 
32QAM, and so on. The order of the modulation used, 
and the transmission power TPpq, are generated ran-
domly. TRmin, the minimum transfer rate is set to be as 64 
Kbits/s. The maximum allowed bit error rate Emax is set 
as 0.0005%.The maximum total power usage TPmax of the 
system is taken as 80 W.
The PSO parameters have been tested with various val-
ues till the best results are obtained. The optimal settings 
include a1 and a2 both as 2 and w as 0.6, while r1 and r2 are 
randomly generated, as already mentioned.
5.2 Results and analysis 
The simulation results are plotted in Figs. 3-5. The results 
show that a higher transfer rate is obtained with a faster exe-
cution time by following the proposed approach using PSO, 
as compared to the existing mechanisms, i.e. Improved GA 
(I-GA) and GA, as shown by Hou et al. in [15]. The pro-
posed approach converges at approximately 60 iterations, 
which makes it a fast and efficient approach as well. This 
is due to the fact that the particles share the information 
among them, thereby rendering every consecutive genera-
tion a more optimal one than the previous. Also, by varying 
the number of users, it is seen that the proposed mechanism 
gives higher transfer rates than existing methods for any 
given number of users. Hence, it is observed that the pro-
posed approach using PSO is an effective and fast approach 
to perform spectrum allocation in cognitive radio networks.
The comparison is performed with GA and I-GA 
because these techniques are specifically implemented for 
maximizing the total system transfer rate. PSO techniques 
have been applied on different aspects of spectrum alloca-
tion. Tang and Xin [16] deal with maximizing energy effi-
ciency using a co-evolution chaotic PSO, Anandakumar 
and Umamaheswari [17] focus on a social approach to 
cognitive handover using SpecPSO, Xu et al. [18] talk 
Fig. 2 Steps of the proposed algorithm
Fig. 3 Total system transfer rate vs. No. of iterations for GA, Improved 
GA and PSO, with no. of users = 50
Fig. 4 Total System Transfer Rate vs. No. of users for GA, I-GA and 
PSO. PSO gives results at around 60 iterations.
Fig. 5 Execution Time vs. No. of iterations for GA, I-GA and PSO.
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about maximizing average weighted sum rate of through-
put, with the help of a hybrid PSO model. Xu et al. [19] 
minimize total power consumption using a RBFN based 
QPSO. Since these methods deal with objectives dissimi-
lar to the problem in this paper, they are not considered for 
comparison. These methods can be applied to this paper’s 
objective as a future work.
6 Conclusions and future work
In this paper, the authors have designed a spectrum alloca-
tion methodology for cognitive radio networks. The alloca-
tion is performed under constraints of bit error rate, total 
power usage and individual transfer rate. The method is 
compared to existing methods, and it is found that it provides 
a higher transfer rate in real-time, and takes fewer number 
of iterations to find the optimal solution. This is justified 
due to information exchange mechanism implemented by 
PSO which makes it move faster towards reaching the solu-
tion. The simplicity and efficiency of the algorithm makes 
it an attractive alternative solution for performing spec-
trum allocation. The future scope of this work can include 
the integration of more constraints and multiple objectives, 
like interference, delay, price, energy, risk factors, etc. The 
applied PSO mechanism can also be improved or modified, 
and newer swarm-based techniques may be applied to make 
the process even faster and more efficient.
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